Objective: Laryngeal function can be evaluated from multiple perspectives, including aerodynamic input, acoustic output, and mucosal wave vibratory characteristics. To determine the classifying power of each of these, we used a multilayer perceptron artificial neural network (ANN) to classify data as normal, glottic insufficiency, or tension asymmetry.
INTRODUCTION
Voice production is a complex physiological process requiring integration of the nervous system, respiratory tract, and larynx. Accordingly, dysphonia is multidimensional in nature, with different pathologic processes affecting different aspects of the voice. [1] [2] Despite this complexity, assessment is primarily perceptual and often consists of subjective interpretation of vocal quality and stroboscopic exams. Perceptual assessment is regarded as the gold standard; 3 however, it is imprecise and unreliable when analyzing the results of a therapeutic intervention or when comparing patient groups. 4 A widely used metric to evaluate vocal health, the GRBAS (grade, roughness, breathiness, asthenia, strain) scale, lacks detail and sensitivity 5 and displays only low to moderate interrater reliability. 4, [6] [7] The low temporal re-solution of videostroboscopy is adequate when evaluating periodic vocal fold vibration, but cannot reliably evaluate the aperiodic vocal fold vibration that is characteristic of dysphonia. [8] [9] A systematic approach implementing a series of objective, quantitative methods is warranted.
Quantitative acoustic measurements are a common assessment method used to evaluate vocal pathology. 10 Acoustic measures are valuable and provide different information about laryngeal function than selfassessment. 11 However, acoustic parameters do not provide a global assessment and cannot predict severity of dysphonia. 2 Also, single acoustic parameters display poorer correlation than a combination of several objective parameters with perceptual analysis. 4 Aerodynamic assessment provides important information on the inputs to normal and disordered phonation 12 and the effort required to produce voice. Aboras et al. measured acoustic and aerodynamic parameters and found that subglottal pressure was the only measure that was predictive of a patient's self-perception of dysphonia. 1 Though valuable, aerodynamic measurements alone cannot describe vocal fold vibratory characteristics or resultant sound quality.
To provide a complete picture of vocal health and laryngeal function, a range of parameters must be considered simultaneously. While such an assessment would certainly provide valuable information, the number of parameters would also make analysis laborious. An algorithm for efficient, automated data interpretation would be valuable and could potentially facilitate widespread clinical application. Classification models, including artificial neural networks (ANNs), are powerful mathematical models that can classify data according to nonlinear statistical analysis. 13 Further, ANNs can handle extremely large data sets. Of particular interest to this study, they can be used to determine the classifying power of individual parameters and groups of parameters.
The multilayer perceptron (MLP) is one type of ANN and is the most commonly used in medical applications. 14 It consists of an input layer that receives data, at least one hidden layer, and an output layer that provides the classification result. Data are presented to the input layer, computations are performed in the hidden layers, and an output value is obtained at each node of the output layer. 15 These values determine the class into which the data set is classified. Before an ANN can be used to classify an unlabeled data set, it must be trained. Back propagation is one of the most common methods of training for an MLP 16 and minimizes the mean square error of the output for the training set. 13 During the learning process, weights associated with connections between nodes are varied with the objective of decreasing the mean-square error of the output. 13, 17 The more input parameters and examples in the training set that are included, the better the ANN typically performs. The ability to synthesize a large amount of information and provide a simple output is a key benefit relevant to medical decision-making and specifically, multiparameter voice assessment.
We extracted feature vectors containing aerodynamic, acoustic, and videokymographic parameters from excised larynx experiments simulating normal and various severities of glottic insufficiency, simulating recurrent laryngeal nerve paralysis (RLNP), and tension asymmetry, simulating superior laryngeal nerve paralysis (SLNP). A machine learning algorithm was used to train the multilayer perceptron neural network, which was then used to classify the data. The number of hidden nodes was modified to achieve a higher correct classification rate, and the components of the feature vector were examined to consider their individual contribution to classification. We hypothesized that classification accuracy would be higher with a larger number of parameters.
MATERIALS AND METHODS

Larynges
Thirty-two larynges were excised postmortem from canines sacrificed for nonresearch purposes according to the protocol described by Jiang and Titze. 18 Canine larynges are much more widely available at our institution than human larynges and have been used extensively to study laryngeal physiology. [19] [20] There are several anatomical differences between the human and canine larynx. The thyroid and cricoid cartilages and more angulated and not as tall in the canine larynx, and there is no well-defined vocal ligament. 19 These differences did not negatively impact the study. Larynges were examined for evidence of trauma or disorders and any larynges exhibiting trauma or disorders were excluded. Following visual inspection, larynges were frozen in 0.9% saline solution.
Classification ability generally improves as more data are included in the analysis. 21 To increase the amount of data, we used both previously collected 22-25 and newly collected data. In total, 389 trials from 32 larynges were included. Of the 389 trials, 179 trials simulated normal, 100 trials simulated tension asymmetry (representative of superior laryngeal nerve paralysis), and 110 trials simulated glottic insufficiency (representative of recurrent laryngeal nerve paralysis).
Apparatus
Prior to the experiment, the supraglottic tissues were removed to expose the true vocal folds. The superior cornu and posterosuperior part of the thyroid cartilage were also removed to facilitate insertion of a lateral 3-pronged micrometer into the arytenoid cartilage. The larynx was mounted on the apparatus ( Fig. 1 ) specified by Jiang and Titze. 18 A metal hose clamp stabilized the trachea to a tube connected to a constant pressure source, or pseudolung. The pseudolung was designed to simulate the human respiratory system. Pressurized airflow was passed through two Concha Therm III humidifiers (Fisher & Paykel Healthcare Inc., Laguna Hills, CA) in series to humidify and warm the air. The potential for dehydration was further decreased by application of 0.9% saline between trials. Airflow was controlled manually and measured using an Omega airflow meter (model FMA-1601A, Omega Engineering Inc., Stamford, CT). Pressure measurements were recorded immediately before the air passed into the larynx using a Heise digital pressure meter (901 series, Ashcroft Inc., Stratford, CT).
Acoustic data were collected using a dbx microphone (model RTA-M, dbx Professional Products, Sandy, UT) placed at a 45 angle to the vocal folds. The microphone was placed approximately 10 cm from the glottis to minimize acoustic noise produced by turbulent airflow. Acoustic signals were subsequently amplified by a Symetrix preamplifier (model 302, Symetrix Inc., Mountlake Terrace, WA). A National Instruments data acquisition board (model AT-MIO-16; National Instruments Corp, Austin, TX) and customized LabVIEW 8.5 software were used to record aerodynamic and acoustic signals. Aerodynamic data were recorded at a rate of 100 Hz and acoustic data at 40,000 Hz. Experiments were conducted in a triple-walled, sound-attenuated room to reduce background noise and stabilize humidity and temperature. The vocal fold mucosal wave was recorded for approximately 200 milliseconds per trial using a high-speed camera (model Fastcam-ultima APX; Photron, San Diego, CA). Videos were recorded with a resolution of 512 Â 256 pixels at a rate of 4000 frames per second.
Experimental Methods
Trials were conducted as a sequence of 5-second periods of phonation followed by 5 seconds of rest. Five trials were performed for each condition. To simulate normal, both arytenoids were adducted with lateral prongs and the vocal folds were elongated via a suture placed at the midline of the thyroid cartilage, just superior to the vocal folds. This approach was also used for the larynges simulating glottic insufficiency. To simulate glottic insufficiency, only the left arytenoid was adducted to the midline; the right was left unadducted ( Fig. 2a ). 26 The size of the glottal gap was varied across trials and larynges to simulate paralysis of differing severity.
The method described in Devine et al. was used to simulate tension asymmetry. 25 Asymmetry was created using weights that simulated cricothyroid muscle function. The cricothyroid muscle bellies were dissected away to facilitate suture placement. Insertion points for the muscles were noted as fibers were removed. Placement of the sutures and resulting force vectors can be seen in Figure 2b . A suture fixing the cricoid cartilage to the trachea was first placed along the midline; this prevented displacement of the cricoid relative to the trachea due to the force of the weights. Sutures simulating the oblique and vertical bellies were inserted at the center of insertion of each belly on the thyroid cartilage and extended along the line of action of the muscle. After unilateral suture placement, the distance and angle between the suture line and the midline of the larynx were measured. The angle of the vertical belly was zero since these sutures were set parallel to the midline. These measurements were then translated to the other side of the larynx to maintain symmetry. Suture angle and the thyroid insertion point were equivalent between sides since the motion of the thyroid cartilage (relative to the cricoid cartilage) was the targeted output of suture forces. Suture placement is shown in Figure 2 . During tension asymmetry trials, weights were only placed on the sutures corresponding to the left cricothyroid muscle bellies. The mass of the weights was varied across trials and larynges to simulate paralysis of differing severity.
Data Analysis
Airflow and pressure at the phonation onset were recorded as the phonation threshold flow (PTF) and phonation threshold pressure (PTP), respectively. Phonation threshold power (PTW) was calculated as the product of these values. PTF, PTP, and PTW were determined manually using customized LabVIEW 8.5 software.
Measured acoustic parameters included fundamental frequency (F 0 ), signal-to-noise ratio (SNR), percent jitter, and percent shimmer. Acoustic signals were trimmed to produce three 1-second segments per trial using GoldWave 5.1.2600.0 software (GoldWave Inc., St. John's, Canada) and these segments were analyzed using TF32 software (Madison, WI).
High-speed video recordings of the mucosal wave were analyzed using a customized MATLAB program (The MathWorks, Natick, MA). Vibratory properties of the four vocal fold lips (right upper, right lower, left upper, left lower) were quantified via digital videokymography. Threshold-based edge detection, manual wave segment extraction, and nonlinear least squares curve fitting using the Fourier Series equation were applied to determine the most closely fitting sinusoidal curve. This curve was used to derive the amplitude and phase difference of the mucosal wave for each vocal fold lip. Mucosal wave amplitude was calculated as the average of the amplitudes of the upper and lower vocal fold lips. While only relative rather than absolute values could be obtained due to current technological limitations, this was sufficient for comparisons across conditions.
Data Processing
MATLAB software including the Neural Network Toolbox (The MathWorks) was used for all data processing. In total, 389 trials were analyzed and the derived feature sets were used as a basis for determining models of normal, glottic insufficiency, and tension asymmetry voice production. By attaching the known status of a trial to its feature vector, machine learning techniques can be applied with the goal of modeling the relationship between the input features and the classification of a given trial. The data were randomly split 70/15/15 into training, validation, and test sets, respectively. This division is recommended by the software and is also a common split used in the field. Using 99% of the data in the training set may train the model well, but the resulting classification system would likely be poorly generalizable. Conversely, using a small percentage of the data during training may ensure the system is generalizable, but it would likely perform poorly.
The ANN is presented with the known data, goes through a training and validation stage, and finally is presented with new data during a test stage. The training data and testing data are kept separate in order to evaluate the generalizing ability of the classification.
Data were normalized with each variable in the data set ranging from À1 to 1, with a mean of 0 and a standard deviation of 1. Normalizing data improves the efficiency and accuracy of the classification algorithm. 27 As random influences may occur during the partitioning process, a more stable performance measurement was obtained by repeating each classification task ten times and averaging over the individual results. Classification rates were calculated based on evaluations occurring during all stages of the machine learning process. A standard multilayer perceptron ( Fig. 3 ) was created using sigmoidal activation functions in one hidden layer, and the number of nodes in the hidden layer was varied in increments of 20 from N ¼ 20 to N ¼ 200. An upper limit of 200 was selected because using a number of hidden nodes significantly higher than one half of the number of data points can adversely affect generalization. A scaled conjugate backpropagation learning algorithm was used. The goal of the learning algorithm in this model is to modify the weights associated with the connections between the nodes (represented by lines in Fig. 3 ) such that an input vector will produce the specified desired output vector.
Separate from the variation of models, the feature set was selectively reduced in an attempt to discover the classification ability of individual parameters and subgroups of parameters. This included the categorical elimination of aerodynamic, acoustic, and videokymographic parameters. In addition to their inclusion in these subsets, all parameters were used on their own as a singular input. The number of hidden nodes in these analyses was determined based on the number attaining the highest classification accuracy when considering all parameters. 
Receiver Operating Characteristic Analysis
To determine the ability of the ANN to correctly analyze normal, glottic insufficiency, and tension asymmetry trials, receiver operating characteristic (ROC) analysis was performed and area under the curve (AUC) was determined. Table I . Overall classification accuracy was 84.02 6 1.90%, including 83.58 6 3.95% for normal trials, 70.56 6 5.78% for tension asymmetry trials, and 98.11 6 0.28% for glottic insufficiency trials (Table II) . These classification rates corresponded to the use of 180 hidden nodes. Total classification rates varied from a minimum of approximately 82% with 20 and 200 hidden nodes to the maximum of 84% when using 180 hidden nodes. Classification accuracy was 74.33 6 2.05% when using only aerodynamic parameters, 73.25 6 2.55% when using only acoustic parameters, and 64.22 6 2.56% when using only videokymographic parameters (Table III) . Phonation threshold flow (PTF) demonstrated the greatest individual classification accuracy at 73.91 6 2.02% (Table IV) .
RESULTS
Summary data are provided in
ROC analysis yielded curves with AUC of 0.8795 for normal ( Fig. 4a) , 0.6639 for SLNP (Fig. 4b) , and 0.9878 for glottic insufficiency (Fig. 4c ).
DISCUSSION
Classification accuracy was highest when including all parameters and decreased when considering single groups of parameters or pairs of groups. As expected, classification rates were lower for individual parameters, ranging from 52% (interfold mucosal wave phase difference) to nearly 74% (phonation threshold flow). Interestingly, the classification rate of phonation threshold flow approached that of the aerodynamic parameters as a group, indicating airflow was the most distinguishing parameter in this set of data. As airflow is more sensitive than pressure to changes in glottal abduction, 28 it could be expected to classify glottic insufficiency effectively. It did not, however, differentiate well between normal and tension asymmetry, though symmetric elongationdependent changes in phonation threshold flow have been reported. 29 Signal-to-noise ratio displayed a similar classification pattern, classifying normal and glottic insufficiency effectively while displaying very limited ability to detect tension asymmetry. Signal-tonoise ratio is a good parameter to describe glottic insufficiency, as the presence of a wide glottal gap decreases the signal (voice) and increases the noise (turbulent airflow). This parameter is not as useful in distinguishing between subtle differences caused by asymmetric vocal fold elongation. Consistently high classification rates were predictably observed for glottic insufficiency. As the normal and tension asymmetry conditions are more similar to each other than either is to glottic insufficiency, a high classification rate is expected. Aerodynamic and acoustic parameters displayed high group classification rates. Although the classifying ability of videokymographic parameters was lower, classification of both aerodynamic and acoustic parameters improved when coupled with information on the vibratory characteristics of the mucosal wave. This finding also illustrates an important point about artificial neural network analysis: including more parameters generally increases classifying power. While an individual parameter such as mucosal wave amplitude may not distinguish among groups in isolation, evaluating it in relation to other parameters can improve the ability to identify a given condition. Additionally, classification rates for mucosal wave parameters (vibratory amplitude, phase difference) may have been relatively low because they are not the optimal parameters to describe superior and recurrent laryngeal nerve paralyses. While the parameters used in this study were selected because they could be applied clinically with minimal difficulty, complex parameters such as global entropy and correlation length provided by spatiotemporal analysis 30 may better describe irregular vocal fold vibration. Pursuing methods that can expedite the extraction of these parameters to facilitate clinical application is warranted.
Two main limitations will be the subject of future studies. First, it may be interesting to evaluate more complex voice parameters, such as those provided by spatiotemporal analysis or nonlinear dynamic acoustic analysis. These measures may prove more valuable than some of the parameters included in this study such as percent jitter and shimmer; though capable of distinguishing between normal and glottic insufficiency here, as well as between normal and vocal fold polyps in a previous study, 31 they cannot identify more subtle voice disorders such as nodules or tension asymmetry. Patient-based measures such as the voice handicap index could also be included, if it was found that inclusion of this subjective augmented classification accuracy. Including these parameters in future analyses may improve the ability to distinguish among normal and various voice disorders. Second and most importantly, data from excised larynx experiments rather than human patients were used. This was done to allow us to examine a wide range of parameters that are not typically collected in the clinical setting. Phonation threshold power, for example, has not yet been measured clinically. Using data from excised larynx experiments also provided more inputs than could be usually included if using data from human subjects; however, the excised larynx model can only approximate the dynamic conditions that occur in living patients. Specifically, we could not simulate the effects of thyroarytenoid contraction, vocal fold asymmetry due to paralysis-induced muscle atrophy, or compensatory phenomena. While the models of glottic insufficiency and tension asymmetry used in this study have been applied in previous investigations, 19, 25, 26 they do not encapsulate the subtleties of the clinical entities that they represent.
While perceptual analysis and patient self-reporting are frequently used to evaluate dysphonia in the clinic, they are subjective and can introduce bias into treatment decisions. 32 The quantitative parameters in this study that best parallel perceptual analysis are likely fundamental frequency and perturbation measurements. Though valuable as part of a more comprehensive voice evaluation, these parameters exhibited individual classification rates between 59 and 68%. This is much lower than the overall classification rate of 84% when considering all parameters. The importance of considering multiple parameters is particularly evident when evaluating tension asymmetry. The aforementioned acoustic parameters displayed classification rates of 13-25%, compared to nearly 71% for the entire feature set. Diagnosis of superior laryngeal nerve paralysis is difficult 33 and recurrent laryngeal nerve paralysis is likely underdiagnosed. 34 Developing a standardized comprehensive, multiparameter assessment may aid in the evaluation of these disorders.
There is a wide spectrum of vocal dysfunction 35 and no single parameter can adequately characterize vocal quality or dysphonia severity. 3 An admitted limitation of quantitative multiparameter assessment is the time required to record the range of measurements; however, noninvasive devices such as the airflow interrupter 36 or KayPENTAX Phonatory Aerodynamic System can record seven of the eleven parameters used in this study in less than 1 minute. Videokymographic analysis of high-speed video images could be performed in an additional few minutes, and even less as improved automated analysis techniques are developed. 37 Employing artificial neural network analysis eliminates the most time-consuming aspect of the process-data interpretation. If this method is applied on a larger scale, databases could be generated that could then serve as inputs, thus increasing the classifying power of the algorithm and allowing for a more complex classification scheme with more disorders included.
CONCLUSION
Superior classification rates obtained with a multiparameter assessment compared to subgroup or individual parameter results demonstrate the value of a comprehensive voice assessment. Individual parameter classification rates, particularly for superior laryngeal nerve paralysis, were rather low. Considering a wide range of parameters, as well as the relationships among those parameters, allows for an evaluation of laryngeal function from multiple perspectives. Additional work developing new parameters able to improve current classification rates, as well as automated extraction of these parameters, would be beneficial.
